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preliminary analysis of Chilean employer’s response
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aDepartment of engineering and sciences, Universidad adolfo ibáñez, Viña del Mar, Chile; bDepartment of Civil and environmental engineering, 
rensselaer polytechnic institute, Troy, nY, Usa; cCenter for infrastructure, Transportation, and the environment, rensselaer polytechnic institute, 
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ABSTRACT
Flextime is a Travel Demand Management policy that allows workers to arrive/leave within a certain 
threshold of time but staying on duty during a period of the day (core hours). Such flexibility in 
arrival time can have an impact on relieving traffic congestion as it can shift demand to non-
peak periods. However, in several countries, companies are usually reluctant to provide flexibility 
arguing possible loss in their productivity and efficiency. This paper discusses a preliminary study 
on perceptions of challenges, and the potential of flextime in congested urban areas. In doing so, 
we present the information gathered through in-depth-interviews and subsequent questionnaires 
applied to managers of cars dealers in Santiago, Chile, obtaining both qualitative and quantitative 
information. The quantitative information obtained was used to develop (1) a data envelopment 
analysis to investigate whether firms’ productivity is affected by flextime or not, and (2) a binary 
logit model to evaluate financial and non-financial incentives that can allow firms to adopt flextime 
or change work arrival times. The results obtained from the sample show that, for this particular 
industry, flextime might not have a significant impact on firms’ productivity. Additionally, we found 
that financial incentives and competitors’ work starting times have a significant impact on accepting 
flextime or relaxing arrival constraints. We also found that if arrangements with the whole industry 
to change work starting times are made, the effect of this change can be as effective as the provision 
of financial incentives.

1. Introduction

Most of the recent literature in Travel Demand Management 
shows strong interest in policies that attempt to modify the 
behavior of travelers, e.g. congestion pricing or tradable 
credits. However, little research has been done in policies 
that seek to modify the behavior of the demand genera-
tor. Yamamoto et al. (2000), Yelds and Burris (2000), and 
Saleh and Farrell (2005) have shown that users were more 
willing to change their departure time for recreational or 
shopping trips than for work-based trips. In peak periods, 
such trips are less common as most of the trips are of com-
pulsory nature, i.e. work trips or study trips. Work trips are 
usually more constrained and less flexible in their arrivals 
because external agents (firms) usually impose the work 
schedules as workers usually face a Hobson’s choice hav-
ing to decide ‘between unemployment and work schedule 
conformance’ (Jones, Nakamoro, and Cilliers 1977).

In certain countries, recent data corroborate the fact 
that work arrival times are tight and constrained. The 

Evaluation Study of the Port Authority of New York and 
New Jersey’s Time of Day Pricing Initiative (Holguín-
Veras, Ozbay, and de Cerreño 2005) found that the 
decisions for traveling at certain times are usually con-
strained by their work schedules (about 50% of peak-
hour users). The flexibility found was also very narrow: 
within 20 min. Roughly only 10% of trips reported a 
flexibility of 30 min or more. Emmerink and van Beek 
(1997), using data collected in the Netherlands in 
1992, found larger percentages: 67% of the respond-
ents  indicated that their employers do not allow for 
any flexibility at all.

This lack of flexibility in arrival times has several impli-
cations in transportation policies. If work schedules are 
inflexible, workers would have little alternatives to respond 
to congestion. On the contrary, as S. He (2013) found with 
data from 2009 from Los Angeles and San Francisco, if 
schedules are flexible, workers might be able to change 
their travel pattern.
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flextime. These three goals are accomplished through data 
gathered from a sample of in-depth interviews of 19 car 
dealer companies in Santiago, Chile. The data obtained 
from the interviews consisted of (1) qualitative data to 
identify the reasons that are currently preventing the 
implementation of flextime, and (2) quantitative data 
that was also aimed to measure firm efficiency under flex-
time, using data envelopment analysis (DEA), as a way 
to infer whether flextime affects firm productivity. The 
interviews were complemented with a stated preference 
experiment, in which a set of scenarios were designed 
to validate and identify key variables that can be used to 
influence employers to adopt flextime using a binary logit 
(BL) model with random effects.

In spite of the limitation derived from the small sample, 
it is worth mentioning that, to the authors’ knowledge, the 
study of the role of employers has been underexposed in 
the literature. One example is the literature about atti-
tudes of employers towards employees’ mobility aspects 
which already assume certain flexibility in employees 
(Vanoutrive et al. 2010; Vonk Noordegraaf and Annema 
2012). However, none of these studies have attempted to 
understand neither the employer’s lack of interest in flex-
time nor the initiatives to motivate them to implement 
flextime programs.

The remainder of this paper is organized as follows. 
Section 2 reviews the effects of past flextime initiatives 
documented in the literature focusing on the effect on 
such policies on firms and the connection to productiv-
ity and efficiency. Section 3 presents the context and the 
interviewing process. Section 4 describes the sample and 
the responses obtained in the focus group. In Section 5, 
DEA is used to investigate whether there are productivity 
effects derived from flextime or not. Section 6 uses a BL 
with random effects model to gain further insight into 
the attitudes that can induce flextime adoption in firms. 
Finally, Section 6 discusses the conclusions drawn from 
the study and considers the applicability of the study to 
other industries.

2. Flextime and production effects

The literature on alternative work schedules and, in 
particular, on flextime is extensive. Some studies show 
that the implementation of flextime has benefits for 
traffic relief (Ott, Slavin, and Ward 1980; Safavian and 
McLean 1975; Tannir and Hartgen 1978a, 1978b), by 
increasing transit ridership in off-peak periods (Freas 
and Anderson 1991; Modarres 1993; Picado 2000), 
and by supporting ridesharing programs (Freas and 
Anderson 1991). Flextime is also perceived as bene-
ficial by workers (McCampbell 1996) since it helps to 
improve the morale (Allenspach 1972) and reduces 

Emmerink and van Beek (1997) and Moore, Jovanis, 
and Koppelman (1984) have even suggested that this lack 
of flexibility is the cause of the concentration of the peak-
hour since all activities are scheduled to match the peak-
hour. Flexibility would be, as noted by Emmerink and van 
Beek (1997), ‘a necessary condition’ for the success in the 
implementation of demand management policies that seek 
to alter travel behavior patterns, e.g. congestion pricing.

Among the alternatives to add flexibility in work arrival 
times, there are policies that seek to modify the demand 
generator behavior by changing or altering work sched-
ules (e.g. compressed work weeks, flextime, and staggered 
work hours). The feasibility and effectiveness of this type 
of employer-based policies have been largely proved in 
past studies not only in reducing congestion (Ott, Slavin, 
and Ward 1980; Safavian and McLean 1975; TRB 1980) 
but also in increasing ridesharing (Freas and Anderson 
1991), and in increasing transit ridership in off-peak peri-
ods (Freas and Anderson 1991; Modarres 1993; Picado 
2000). Recently, Holguín-Veras, Sánchez, and Reim (2016) 
suggested that inducing employers to increase the arrival 
time flexibility of employees could also help achieve a 
more balanced traffic pattern. Such importance has also 
been highlighted by Giuliano, Hwang, and Wachs (1993), 
Ferguson (2000), Hendricks and Georggi (2007), and 
Vonk Noordegraaf and Annema (2012).

While in certain countries the number of flextime 
workers has been increasing in recent years (e.g. by 2004 
the number of flextime workers reached 27.5% in the US 
[Labor Statistics of the U.S. Department of Labor 2005]), 
many companies in different countries are still reluctant 
to adopt flextime. This is because the effective implemen-
tation of any alternative work schedule policy requires 
changes in management practices and sometimes in the 
organization of the company. Such changes should be 
aim to reduce the need to have all employees physically 
together at the same hours all work days. In some cases, 
this is not possible, and when firms were imposed alter-
native work schedules, they claimed that negative impacts 
on their productivity (inter- and intra-firm production 
effects) forced them to withdraw such programs. This can 
explain why most of these programs are currently volun-
tary initiatives of private firms. However, as noticed by 
Arnott, Rave, and Schöb (2005) to the current knowledge, 
there are no empirical studies that have tackled how flex-
time affects both inter- and intra-organizational produc-
tivity and efficiency.

The objective of this paper is threefold. First, it seeks 
to investigate the overall attitudes of employers towards 
adopting flextime by means of relaxing work arrival times. 
Second, it attempts to measure the gain/loss of efficiency 
in firms due to flextime. And third, it looks to investi-
gate the effectiveness of possible incentives to promote 
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stress, e.g. by reducing the pressure due to late arrival 
(Pierce and Newstrom 1980).

However, while there is a broad body of literature 
devoted to the effects of flextime (and alternative work 
schedules) on workers, there are few studies on the effect 
of flextime on firms. The references regarding the impli-
cations for firms are basically inferred from comments 
and attitudes of workers and managers after the imple-
mentation of a flextime policy. These effects were used as 
the initial input and motivation for the study.

One of the most repetitive comments on the effects 
found from these implementations refers to certain loss 
in efficiency for not having all workers available, which 
negatively affects intra- and inter-organizational commu-
nication and productivity. The inter-organizational com-
munication is related to economies of scale in the urban 
economy (Mills 1967), also called agglomeration econo-
mies (Fujita and Thisse 2008). Agglomeration economies 
propose that the productivity of workers is greater when 
a larger portion of the workers are on duty in a central 
business district because it allows the interaction within 
and across firms. This effect has been used in several net-
work and economic models for staggered work hours 
(Arnott, Rave, and Schöb 2005; Henderson 1981; Yang 
et al. 2014; Yoshimura and Okumura 2001; Yushimito, 
Ban, and Holguín-Veras 2014) and other alternative work 
schedules (Mun and Yonekawa 2006a, 2006b; Yushimito, 
Ban, and Holguín-Veras 2015).

However, it is not clear whether the intra-organiza-
tional production effect can affect positively or negatively. 
Workers starting at an off-peak time may be more pro-
ductive because they face less competition for the use of 
the firm’s capital (Lucas 1970) and also suffer less fatigue 
of traveling at lower congestion. However, workers’ pro-
ductivity that depends on the interaction or flow of mate-
rial within the organization might be seriously affected. 
Wilson has attempted to measure which of the effects is 
more significant (Wilson 1988). He used World Bank’s 
data from Singapore on work starting times and wages 
variation. His rationale is that wages are related to the 
productivity effects. For instance, if off-peak workers 
receive higher compensation, it would be indicative that 
they are being more productive, as Lucas (1970) suggests. 
Conversely, if the opposite is true, then workers prefer 
to start at peak-hours because that makes them more 
productive and receive more compensation. His findings 
with the Singapore data seem to match the second case. 
However, recent findings by Gutiérrez-i-Puigarnau and 
Van Ommeren (2012) have revealed that this relationship 
is not as strong as stated by Wilson (1988). They found a 
slightly U-inverse function with workers starting earlier 
having almost the same wage as the peak-hour workers. 
While their results cannot be completely conclusive, they 

imply that the starting time of workers has relatively little 
effect on wages and, therefore, on productivity and work-
ers’ disutility, suggesting also certain benefit of  shifting 
workers to off-peak periods.

In summary, the effects on production have not been 
comprehensively researched. Both arguments, whether 
inter- or intra-organizational production effects offset 
each other or not, might be valid depending on the type 
of organization. For instance, a labor-intensive firm might 
suffer more than a capital-intensive firm if their workers 
are rescheduled or have too much flexibility in their arriv-
als and they require strong inter- and intra-organization 
coordination with other workers to complete their work. 
However, in some cases, this flexibility can improve pro-
ductivity, as the work by Sheppard, Clifton, and Kruse 
(1996) demonstrated for flextime programs in the phar-
maceutical industry. The following sections discuss the 
methodology followed to assess whether these effects are 
in place in certain firms. Moreover, they also include an 
analysis of reasons and possible triggers that can diminish 
these effects.

3. Context and description of the interview 
process

The study focuses on car dealers located in Santiago, Chile. 
Santiago is the capital and most populated city of Chile. 
About 6 million people live in the city, representing 40% 
of the Chilean population. In a typical working day, a 
total of 16.3 million trips are completed. Santiago also 
accounts for 41.1% of the total of vehicles in the country. 
The metropolitan area concentrates the majority of the 
car dealership businesses in the country, by 2012 about 
60% of the total car sales have been performed in Santiago 
(Anual ANAC 2012).

In this study, car dealers were selected at three differ-
ent locations, two in the district of Quilicura and one in 
the district of Florida. These three locations concentrate 
71 car dealers. In one of the locations in Quilicura, the 
car dealers were situated within a large car shopping 
center (Movicenter); the other the businesses are located 
in the streets within a radius of 5 miles or less of each 
other.

Their activities cover selling both used and new auto-
mobiles as well as the operations related to the selling 
process (e.g. quotes). This industry was selected for two 
reasons. First, the majority of their workers are either 
white collars or salespersons. These two types of employ-
ees are more likely to work under (benefit from) flexi-
ble work arrival schedules. Second, in this sector, the 
goods have no substitutes from another industry sector. 
Moreover, it requires little coordination with other eco-
nomic sectors. Therefore, we can detect the inter-firm 
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Seventeen of the companies provided more than 10 min 
of tolerance, 8 companies had at least one employee with 
30 min of tolerance in their arrival. Yet, only one company 
was providing 40 min of tolerance. It is important to note 
that the average tolerance varies by type of employees and 
by the location of the business. In all companies under 
study, sales personnel had larger tolerance in arrival times 
than white collars. Salespersons constituted the larger 
group of workers, followed by white collars. This explains 
why this particular category of workers has earlier work 
schedules. When managers were asked which schedules 
couldn’t be shifted under any circumstance, they all agreed 
that blue collars could not be shifted or at least they should 
arrive before any other group, as they usually prepare the 
facilities for opening every day.

Table 2 shows the answers to questions regarding alter-
native work schedules. As mentioned, no companies have 
full flextime programs implemented; they only provide 
tolerance in their arrival times. None of the companies 
had considered implementing flextime programs. This is 
consistent with the findings of Masuda et al. (2012) who 
identified reluctance in flextime due to certain collectivist 
practices among managers in Latin America. Furthermore, 
none of them were completely aware of the benefits that 
flextime can have on the morale and the quality of living 
of their employees. When these benefits were explained, 
about 58% of them said they could implement flextime 
programs, referring basically to increasing the flexibility 
in the arrival times in 30 min or more. However, they all 
agreed that this can be applicable to sales and administra-
tive personnel (white collars). Thus, it is possible that, if 
some of the impeding factors for not having implemented 
flextime programs were relaxed, they could embrace in 
this concept. It is also worth mentioning that none of the 
companies had thought about starting their operations 
earlier, while about 37% of them had considered starting 
operations later, i.e. one hour later. This can be related to 
the clients’ arrival profiles. It was observed that, in general, 
there is an approximate two hours of difference between 
the time the companies open (with the arrival of the 
employees) and the time clients start arriving. Moreover, 
the peak periods of client arrivals are even later, between 
noon and 2 pm, and between 4 pm and 6 pm. Besides, the 
busiest periods of the day when workers are usually busy 
in terms of their operations (quotes, sales orders, main-
tenance orders, car warranty orders, etc.), are between 
10 am and 2 pm and between 3 pm and 6 pm.

As for the reasons for not providing more flexibility, 
managers were asked to list all the reasons that would 
impede or have impeded to provide more flexible (30 min 
or more) arrival times to their employees. Table 3 lists 
the reasons provided by the managers. All firms agreed 
that the main reasons were either facility’s restrictions, 

effects only through competition or collaboration within 
the same sector.

Managers and human resources managers of the 71 car 
dealers were contacted and a total of 19 car dealers (around 
27% of the total) agreed to interview. The interviews were 
held in March 2014. The companies interviewed vary in 
the number of employees and floor space (see Table 1). 
The objective of the interview was to investigate how the 
firms operate and how they are organized. The interviews 
were of unstructured nature. The questions were open and 
followed by a discussion of ideas as they came up during 
the course of the discussion. Strong emphasis was put on 
understating employees’ work schedules arrangements, 
employees’ arrival times, and clients’ arrival times.

These managers were contacted again in April 2014 
to respond a small questionnaire designed to collect 
information that can be linked to the efficiency of the 
firm. In addition, a third and final round of interviews 
was conducted in May 2014. In the interview, after being 
explained the concept of flextime and its possible benefits, 
the managers were presented a set of scenarios to explore 
the specific factors that can trigger flextime adoption 
and they were asked whether they were willing to change 
employees’ starting times. In both cases, the trigger vari-
ables tested included a monetary incentive and a scenario 
in which competitors and companies in the same industry 
sector change or alter their work schedules.

4. Findings of the interviews

This section presents the comments and the information 
provided in the interviews. The descriptive statistics of the 
data gathered is summarized in Table 1. It can be observed 
that companies’ size ranges from companies with a small 
number of operations to companies with large operations. 
Employees have been grouped under three categories: 
salespersons, office and administrative personnel (white 
collars), and other. The latter was mainly composed of 
assistants and operations people, who can be considered 
blue collars. They were in charge of operations activities, 
such as opening the facilities, cleaning of the cars, driv-
ing new cars from/to the storage. Companies usually start 
operations at 9 am. However, not all employees have to 
arrive at this time. Usually, salespeople have different offi-
cial starting times. Managers (58%) and owners (28%) 
mainly set work hours schedules while brand headquarter 
sets work hours schedules in the rest of the cases. None 
of the companies were implementing flexible work hours, 
in terms of having their workers for certain core hours, 
relaxing both the arrival and departure times. An analysis 
of Tables 1 and 2 shows that all companies had a minimum 
of 10 min tolerance in arrival times, although employees 
do not have any flexibility at all in their departure times. 
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works (arrival and departure times) or security costs 
(especially when opening an hour late), were also cited 
by the managers. Employee acceptance of new starting 
times and customers concerns had similar percentages 
(36.8 and 31.6%, respectively).

The qualitative assessment provided in this section is 
complemented with two quantitative analyses. The first 
one is discussed in Section 5 and uses DEA (Charnes, 
Cooper, and Rhodes 1978), a non-parametric method of 
measuring the efficiency of decision-making units. The 
second analysis is presented in Section 6 and uses a BL 
model using the data from a set of scenarios presented to 
the managers to assess two possible measures that can be 
used to incentivize flextime.

5. Evaluation of productivity and efficiency

The underlying idea in DEA is to compare service or 
production units considering all resources (inputs) and 
results (outputs) in order to identify the efficient and inef-
ficient ones by means of computing a metric for efficiency. 
Such measure results from the combination of the selected 
inputs and outputs and their comparison with efficiency 
achieved by other units. In this case, the units represent 
the companies and the objective is to understand whether 
companies with certain employees with a flexibility of 
30 min or more and other resources are efficient in terms 
of sales and/or operations. An efficient firm will result 
from the benchmark of the selected mix of inputs used and 
outputs obtained by each firm using a linear programming 
(LP) model. In order to provide a more clear understand-
ing of the LP model, the following subsection details the 
derivation of the model and its relationship with efficiency.

5.1. Background of DEA to measure efficiency

Productivity is usually defined as the ratio of output(s) 
to input(s). This definition is straightforward whenever 
there is a single output and single input. However, it is 
more common that production has multiple outputs and 
inputs. In this case, productivity refers to ‘Total Factor 
Productivity’, a productivity measure involving all factors 
of production (Charnes, Cooper, and Rhodes 1978). DEA 
is a non-parametric technique that allows to measure pro-
ductivity with multiple inputs and outputs by creating a 
single ‘virtual’ output to a single ‘virtual’ input without 
pre-defining a production function. The underlying idea is 
that, in a production or service process, a firm (producer) 
takes a set of inputs to produce a set of outputs. By com-
bining the inputs the producer achieves different levels 
of outputs. DEA attempts to determine which of these 
producers are efficient and inefficient. If a firm is able to 
produce a set of outputs with a set of inputs, then other 

i.e. the car shopping center obligates them to open at 
9 am in the case of Movicenter at Quilicura, or the need 
to have workers arrive at 9 am to check if facilities are 
ready for opening. Other chief reasons were the costs of 
monitoring employees (100%) and a possible reduction 
in sales (78.9%). It is worth mentioning that these two 
reasons are inter-related, since the managers were afraid to 
lose control of their workers. Security costs were another 
important factor (47.4%), as they believe they would have 
to extend the hours of security guards. Lack of control 
of employees’ arrival times ranked as the least important 
factor.

Managers were also asked whether they would be able 
to change their opening times, i.e. opening either one hour 
earlier or one hour later. In this case, car shopping center 
and facilities restrictions were referred again as the most 
impeding factor. In this regard, 94.74% of the managers 
also stated that they were not interested in setting open-
ing times different from their competitors. A possible 
reduction in sales was also another key factor (78.5%). An 
increase in costs, either general costs such as monitoring 

Table 2. experience with flextime.

  Answer

Yes no
Currently performing full flextime programs 0 19
Having considered full flextime programs 0 19
Could be able to perform full flextime programs 11 8
Having considered opening business operations earlier 0 19
Having considered opening business operations later 7 12
Currently having tolerance on arrival more than 10 min 17 2

Table 3. reasons obtained from managers.

Movicenter at 
Quilicura Florida Quilicura

Reasons for not implementing full flextime programs
Car shopping center or 

facilities restrictions
9 5 n/a

Costs of monitoring 
employees 

9 5 5

reduce sales 5 5 5
security costs 3 2 4
Lack of control of 

employees arrival
2 0 0

other 2 3 2

Reasons for not changing starting times
Car shopping center or 

facilities restrictions
9 5 n/a

other businesses not 
open/open (e.g. 
competitors)

8 5 5

reduce sales 5 5 5
increase costs 5 5 5
security costs 5 5 2
employee acceptance 4 3 3
Customers do not 

accepting
2 1 3

none of the above 2 1 0
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that by virtue of the constraints, the objective function (3) 
is at most 1. This fractional optimization model can have 
multiple optimal solutions. However, Charnes and Cooper 
(1962) were able to show that, by selecting a solution (u, v) 
for which 

∑m

i vixij = 1, the problem can be transformed 
into a LP model with the change in variables from (u, v) 
to (μ, υ)
 

Subject to
 

 

 

 

The model presented in (7)–(11) is known as the mul-
tiplier model of DEA. The dual of the previous model, 
commonly referred to as the envelopment model or the 
Charnes, Cooper & Rhodes model (CCR) (Charnes, 
Cooper, and Rhodes 1978), can be constructed by defining 
the vector (�1, �2,… , �3) of variables so that the technical 
efficiency θ can be obtained directly by solving the follow-
ing linear optimization model:
 

Subject to
 

 

 

In this case, the objective is to find the value of the 
variable θ and the vector λ while guaranteeing at least 
the output level yrB, r = 1, …, n and reducing the input 
vector xrB, i = 1, …, m as much as possible. By the strong 
duality theorem, we have that at the optimum z* = θ*. 
Thus, both problems can be used and the value of the 
technical efficiency θ* for a particular DMU can be 
computed. Note that the value of the efficiency will vary 
from 0 to 1, with an efficient firm reaching a technical 
efficiency measure equal to 1. This model needs to be 
solved for each DMU, resulting in s linear optimization 
problems, in order to be able to compute the efficiency 
of each DMU.

(7)max z = �1y1o + �2y2o +⋯ + �nyno

(8)�1x1o + �2x2o +⋯ + �mxmo = 1

(9)
�
1
y
1j + �

2
y
2j +⋯ + �nynj ≤ �

1
x
1j + �

2
x
2j

+⋯ + �mxmj (j = 1,… , s)

(10)�1, �2,… , �m ≥ 0

(11)�1,�2,… ,�n ≥ 0

(12)min �

(13)�1x11 + �2x22 +⋯ + �sxis ≤ �xio (i = 1,… ,m)

(14)�1y11 + �2y22 +⋯ + �syrs ≥ yro (r = 1,… , n)

(15)�1, �2,… , �s ≥ 0

producers might be capable to reach the same level of 
outputs if they were operating efficiently. However, other 
producers might be combining differently their inputs and 
obtaining different level of outputs. That is the reason why 
a ‘best’ virtual producer is constructed for each real pro-
ducer using the ‘virtual’ output and ‘virtual’ input. If the 
virtual producer is better than the original producer by 
either making more output with the same input or making 
the same output with less input, then the original producer 
is inefficient. In mathematical terms, this process can be 
explained as follows.

Suppose that there are s firms (defined in DEA terminol-
ogy as decision-making units –DMU). For each one of them, 
m inputs and n outputs were observed. That is, the inputs 
and outputs of DMUj are represented by (x1j, x2j, …, xmj) and 
(y1j, y2j, …, ynj), respectively. The ‘virtual’ input and ‘virtual’ 
output for a DMUo can be constructed by combining inputs 
or outputs as follows:

where vi and ur are variables that represent the weights 
given to each input or output.

In DEA, the ratio of the ‘virtual’ output over the ‘vir-
tual’ input is used to measure the relative efficiency of the 
DMUo to be evaluated relative to the ratios of all DMUj, 
j = 1, …, s. For instance, for the DMUo we want to maxi-
mize the efficiency, which is the ratio between the virtual 
output over the virtual input, by finding the best weights 
vi and ur. This is obtained by solving the following opti-
mization model:

 

Subject to
 

 

 

Notice that the model in (3)–(6) is simply a generalization 
of the definition of a single input–single output efficiency 
or productivity ratio. Equation (3) measures the maxi-
mum efficiency while Equation (4) shows that the ratio 
productivity ratio cannot exceed 1 for each DMU. Notice 

(1)Virtual input:v1x1o + v2x2o +⋯ + vmxmo

(2)Virtual output:u1y1o + u2y2o +⋯ + unyno

(3)max
u1y1o + u2y2o +⋯ + unyno
v1x1o + v2x2o +⋯ + vmxmo

(4)
u1y1o + u2y2o +⋯ + unyno
v1x1o + v2x2o +⋯ + vmxmo

≤ 1 (j = 1,… , s)

(5)v1, v2,… , vm ≥ 0

(6)u1, u2,… , un ≥ 0
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efficiency score of 1. Three of them already have 
workers with flexibility in their arrival times of 
30 min or more. The average efficiency for the com-
panies with more flexibility is 0.824, while it stands 
at 0.846 for those companies with rigid schedules. A 
two- sample t-test showed that this difference is not 
significant (p-value = 0.816).

•  The results of the variable returns to scale model show 
a higher number of firms technically  efficient (13) 
than firms technically inefficient. This indicates that 
the scale of the resources affects technical efficiency. 
Consequently, there is an increase in efficiency in com-
panies with more flexibility as well as in companies 
with less flexibility. The average efficiency increases 
for the firms with more flexibility to 0.972 and for the 
firms with less flexibility to 0.981. Again, the two-sam-
ple t-test shows that this difference is not significant 
(p-value = 0.769, see Figure 1).

Two are the main conclusions that can be drawn for 
this analysis. First, the resolution of the two models evi-
dences that there exist firms providing more than 30 min 
of arrival time flexibility which are in the efficient fron-
tier. That is, they are efficient when they are benchmarked 
with their competitors. Second, by observing the average 
efficiency between the group of companies having more 
employees with flexible arrival times and those having less 
employees with flexible arrival times in the second model, 
it can be concluded that there are other factors besides 
the employee work schedule affecting efficiency. The dif-
ference among companies in providing more flexibility 

5.2. DEA to measure efficiency of flextime

To compute the technical efficiency of the firms, sales 
and number of operations are considered as outputs 
(y), since they are common measures of efficiency, 
both monetary and operative, for this kind of busi-
ness (Biondi et al. 2013; B. He 2013). For the choice 
of inputs, we considered a standard approach choos-
ing inputs related to labor (number of employees) and 
capital (floor area). The inputs (x) finally selected were: 
(a) the number of employees with rigid work schedules 
(less than 30 min), (b) the number of employees with 
flexible work schedules (30 or more minutes), (c) the 
total number of hours worked per week, and (d) the 
total floor area. The correlation between these inputs 
varies from 0.11 to 0.44.

While the literature on DEA for car dealers limits 
the analysis to the CCR model with constant returns 
to scale (the final model presented in Section 5.1 by 
Equations (12)–(15)), we have also considered the var-
iable returns to scale version in order to address also the 
effect of company size. In doing so, an additional equation 
(�1 + �2 +…+ �s = 1) was added to the CCR model with 
constant returns to scale. Both types of models were solved 
using the LP solver CPLEX under GAMS for each firm 
interviewed.

Table 4 shows the data together with the efficiency 
scores (θ) obtained by each model for each company. The 
results point out that:

•  The results of the constant returns to scale model 
show 5 firms that have achieved a technical 

Table 4. efficiency scores obtained using Dea.

note: shaded row correspond to companies with flexibility of 30 min or more.
*Constant return to scale.; **Variable returns to scale. 
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BL (also known as logistic regression), which is the model 
used to evaluate possible factors that influence flextime 
adoption.

One disadvantage of the logit model is that it assumes 
that repeated choices made by the same respondent are 
independent (Algers et al. 1998). As it will be explained 
later, since in this study each respondent provided attitu-
dinal data for different scenarios, using responses from 
the same individuals is likely to introduce correlation in 
the data-set (this is known as the repeated measurement 
problem and is related to random taste heterogeneity). 
An alternative to deal with this issue consists of working 
with a logit model with random effects, in which each 
individual has a different intercept given by an addi-
tional coefficient αj different from the population mean 
intercept. This term provides a taste variation source of 
randomness (Rodríguez and Elo 2003). The logit model 
with random effects has the same structure as the model 
shown in Equation (16) but now includes αj as an addi-
tional component of the utility U(ci). This implies that the 
intercept in the utilities is also random and different for 
each respondent (see Algers et al. 1998).

The following subsections provide details about the 
stated preference experiment performed to collect the data 
for the applied BL model with random effects as well as 
the results obtained.

6.1. Experimental design

In the third and final round of our data collection pro-
cess, a stated preference experiment was conducted. In the 
experiment, nine scenarios were presented to each man-
ager. They were constructed with a combination of two 
variables that were identified as possible triggers for flex-
time adoption. The first variable consisted in a monetary 
incentive. In this, it is implied that a government agency 
provides to the car dealers, for instance, a tax discount 

and their reluctance to it can be derived from managerial 
issues, the scale of the business, or perception of loss of 
efficiency, rather than from a real efficiency loss.

6. Behavioral choice model for flexible arrival 
adoption

To measure which variables affect the decision of compa-
nies on providing more flexibility, a BL model (Ben-Akiva 
and Lerman 1985) was developed including some varia-
bles from Table 1 such as total sales, number of employ-
ees, average number of hours worked per week, average 
tolerance, and total floor area. In addition, some trigger 
variables were included to find additional factors that can 
incentivize flextime adoption.

BL models constitute one type of discrete choice mod-
els. Discrete choice models are derived from the premise 
that users or consumers are utility maximizers. Users’ or 
consumers’ utility derives from the alternatives chosen. In 
discrete choice models, the functional form of the utility 
is composed of observed utility V (deterministic compo-
nent) and by an additive non-observed random compo-
nent ε (also called error term) that represents the part of 
the utility not captured by V. When the error components 
ε are Gumbel distributed, and independently and identi-
cally distributed across alternatives, the model is called 
the multinomial discrete choice (MDC) model. In the 
MDC, the probability of selecting alternative ci among k 
alternatives from a set C is given by

 

where U(ci) = Vi = βTzi is the utility of selecting alternative 
ci, which is a linear function of the vector of unknown 
parameters (β) and the vector of attributes (zi). When the 
number of alternatives is two, the model is referred as the 

(16)Pr
�
ci
�
�C

�
=

eU(ci)

∑k

j=1 e
U(cj)

=
e�

T zi

∑k

j=1 e
�T zj

Figure 1. Boxplot for comparing efficiencies of companies with flexibility and efficiencies of companies without flexibility and p-values 
of two-sample t-test.
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experiencing loss in productivity (as it was also detected in 
the DEA analysis) and might be more receptive to provide 
even more flexibility. The total area, a proxy of capital, also 
appears in the final model. In addition, both the starting 
time of other companies and the financial incentive are 
significant. The model has the following implications:

•  Size of companies is relevant but mainly from the 
capital perspective. Companies occupying a large 
floor space (floor area) seem to be more likely to 
provide more flexibility.

•  The likelihood of providing more flexibility 
increases in companies that are already providing 
more tolerance in the arrival times.

•  Providing financial incentives can have a positive 
impact in flextime.

•  If the competitors change their starting times, only 
starting later has a positive impact on flextime. 
Starting one hour earlier has a negative impact on 
the flextime choice (Table 5 shows that starting 
one hour earlier has a strong impact on not adopt-
ing flextime). In fact, it reduces the probability of 
adopting such policy largely.

whenever they implement flextime. Due to the type of 
industry, different amounts were tested before reaching 
two values: 2 million Chilean pesos (about U$4000) and 
10 million Chilean pesos (about U$20,000) per month. 
Together with the no incentive alternative, this completed 
three incentive scenarios. The other variable was a shift in 
the starting times of the local businesses in their location, 
specifically, a change in the starting times of their compet-
itors (i.e. managers were asked whether they would add 
flexibility if their competitors decided to open at a differ-
ent time). Again, three scenarios were tested: no change 
in starting time, competitors start one hour earlier, and 
competitors start one hour later. A full factorial experi-
ment was conducted, in which we asked the managers, 
whether they could increase or provide flexibility over 
30 min for all sales and white collar employees given an 
incentive scenario and a competitor’s starting time sce-
nario. All managers responded the full combination of 
alternatives (3 × 3 = 9) in random order.

6.2. Results and analysis

Since only two possible alternatives were offered to man-
agers (provide flextime or not) in the experiment, a BL 
model with random effects was estimated taking some 
variables from Table 1 as the attribute vector (zi). The 
variables included were total sales, number of employ-
ees, average number of hours worked per week, average 
current flexibility, and total floor area. Several combina-
tions of such variables were tested and the best resulting 
model was estimated using the Stata 11.1’s xtlogit in order 
to estimate a BL model with random effects, thus avoid-
ing the intra-correlation for each respondent. The overall 
goodness of fit of the model (see Table 5) provided by 
the Log likelihood ratio is -43.6286 and the Likelihood 
ratio chi-square is −34.84 (p-value = 0.0545). The results 
of the model include logarithm of the panel-level variance 
component, Ln(�2

a), and the proportion of the total vari-
ance contributed by the panel-level variance component, 
� =

�2
a

�2
a+�

2
e

, where �2
a and �2

e  are the variance in the random 
errors both at the panel (group) level and at the individual 
(observation) level (Rodríguez and Elo 2003). When ρ is 
zero, the panel-level variance component is unimportant, 
and the panel estimator is no different from the pooled 
estimator, meaning that the results would be the same if 
a binary model without random effects was used. In this 
case, the parameter is significant.

An interesting finding observed from the results is that 
the size of the company, usually related to the total sales, 
has less impact than the other variables, whereas the cur-
rent average tolerance (arrival flexibility) seems to be more 
relevant. This can be related to the fact that firms that are 
providing more flexibility in arrival times might not be 

Table 5. Binary model with random effects for flextime over no 
flextime.

note: number of groups  =  19; number of observation  =  136; log likeli-
hood = −34.837249; Wald chi-square = 12.39 (p-value = 0.0545); log likeli-
hood test of ρ = 0 (χ = 17.25, p-value = 0.000).

**significant at 95%. 

Dependent variable: flextime (30 min or more in arrival time) or not 
flextime 

explanatory variables Coefficient z-Statistic p-Value

Constant −15.93079 −2.89

sales (in millions of CLp) −0.00434 −1.03 0.187
average tolerance (in min) 0.35122 2.76 0.008**

Total area (in m2) 0.01966 2.19 0.028**

industry work starting time
 1 h early −4.47508 −2.72 0.006**

 1 h late 3.31566 2.55 0.011**

Financial incentive (in millions 
of CLp [m.clp])

0.35119 2.59  0.010**

Ln(σv) 2.81592
ρ 0.70676

Table 6. predicted probabilities.

   
probability 

(flex = 1) z-Statistic p-Value
industry/compet-

itors starting 
time

Current  starting time 0.2906 3.94 0.000
1 h early 0.1371 3.40 0.001
1 h late 0.5996 6.56 0.000

Financial 
 incentive 
(in millions 
of  Chilean 
pesos[m.clp])

incentive = 0 0.0378 0.76 0.448
incentive = 2.5 m.clp 0.0864 0.09 0.345
incentive = 5 m.clp 0.1853 1.20 0.229
incentive = 7.5 m.clp 0.3538 1.57 0.115
incentive = 10 m.clp 0.5684 2.19 0.029



TrAnSporTATIon leTTerS  11

of them are not aware of their customers’ arrival pattern, 
implying that certain schedules can be adjusted to match 
clients’ arrivals.

In addition, some of the leading firms studied in this 
work are not only currently working with certain flexi-
bility but they also are in the efficient frontier found in 
the sample. These companies can be used as benchmark 
of best management practices for increasing efficiency as 
well as to identify uncontrolled factor that might be affect-
ing their efficiency. In general, Anderson and Ungemah 
(1999) have found that these policies can be easily imple-
mented by companies by including outcome-oriented 
management practices and increasing the use of electronic 
communication to compensate for reduced face-to-face 
interaction.

Another aspect that needs to be considered in possible 
implementations is employee involvement. As Yushimito, 
Ban, and Holguín-Veras (2015) point out some workers 
match their work activities with other activities (activ-
ity chaining). Parents with children, for example, might 
have more difficulties in adapting themselves to a different 
work schedule that does not match the schedule of their 
facility-related activities, but they can benefit from more 
flexibility in their arrival times.

Finally, this explorative study on employer attitudes 
towards flextime has several limitations. The conclusions 
cannot be simply transferred to all employers because (1) 
they only apply to a particular industry section, and (2) 
the relatively limited number of respondents. Therefore, 
additional research is required to fully understand the 
response to flextime in different industry sectors with dif-
ferent operational characteristics. For instance, firms that 
focus on products that have multiple substitutes might not 
be able to consider the non-incentive scenario proposal 
used in this paper.

However, we believe that the methodology can be 
applicable to other industries as it is suitable to find 
whether firms with flextime employees are efficient. In 
addition, this research highlights the importance of fully 
understanding employers’ attitudes, as they play the main 
role in accepting this kind of initiatives.
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Table 6 shows the results for the predicted probability 
of choosing flextime with the current sample for different 
financial incentives. The results reveal that about 60% of 
the managers will choose to provide more flexibility in 
employee arrival times if the local competitors also start 
one hour later. This measure has a wider acceptance than 
providing 10 million Chilean pesos (about US$20,000) 
per month (56.84%). However, providing such amount to 
companies would be expensive and unlikely to be for any 
government agency. These results lead us to conclude that 
if incentives cannot be provided, convincing the whole 
industry to start one hour later can lead to similar or even 
better results.

7. Conclusions

This paper investigated the attitudes of Chilean employers 
of a specific economic sector towards adding more 
flexibility in employee work arrival times. It was found 
that the companies under study allow employees an arrival 
flexibility of a minimum of 10 min and very few of them 
allowed flexibility over 30 min. As for the differences among 
types of employees, white collars and sales employees have 
larger flexibility than blue collars, which is consistent with 
the findings of other works covering flextime in other 
countries. One portion of the companies has a positive 
perception of the possibility of adding more flexibility; 
however, the majority of the companies have major 
concerns related to a loss in efficiency and an increase 
in costs. To validate these concerns, a non- parametric 
technique was used to compute the technical efficiency 
of the companies sampled. One can speculate that if firms 
with flextime workers were completely inefficient, there 
would be no incentive for them to support flextime and 
they would require compensation. As it is shown in this 
paper, the compensation can be large making it financially 
and politically prohibitive for government agencies and 
cities. However, our analysis shows that firms with flextime 
workers are statistically as efficient as firms with fixed-
schedule workers. Moreover, when exploring the factors 
that influence their willingness to support flextime, it was 
found that the opening time of their competitors is as 
important as providing financial incentives.

This opens the need to explore other policy alterna-
tives different from financial incentives. For instance, one 
alternative to encourage flextime is to involve employers 
in a particular industry (or at least in a particular area) 
to take up this kind of initiative. This requires working 
not only with managers but also with headquarters and 
administrators in voluntary programs. Many of them are 
not well acquainted with the benefits that flextime can 
have in both relieving traffic and improving the employ-
ee’s work satisfaction and productivity. Moreover, some 
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